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Why works?
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Why difficult? Curse of dimensionality

Machine learning is about solving some standard mathematical problems,
but typically in very high dimension!

e

/ > B B

: . . S 39
ratio: 4/ =127  ratio: 6/ = 1.91 ratio: 4.2 *+ 10
A D; _ e " i \"o:umc oii:t:)c Pyp:rsp]b):rc .
circle __ 7T _ = R Volume of the hypercu
Asquare 4 for d 2 0.6
V. 0.4
sphere 7T for d _ 3 i
\/Cube 6 '
V, i "0 2 4 6 8 10 12 ” 16 8 20
ypersphere — o O s d e
I Dimension
\/hypercube d2 ' P <d/ 2)

D=1, 100 TS TRHISESE— B RIEILAIE R ABIL0.01 54 |
D=10 , WEE102 MRS BHATIFHEAIRELE,

SHEZSEAERE WA |
ety R | Kz BRajdn] LARRL |




What can be done?
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No Free Lunch Theorem
What does dinner cost? David Wolpert
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http://www.no-free-lunch.org/coev.pdf
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, deep learning, and graph networks
arXiv:1806.071261
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Inductive bias
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What can be done?
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https://web.math.princeton.edu/~weinan/ICML.pdf

ML@HEP
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Particle’ s parameters
(o/pJambda,phi,d0,dz)
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Classify
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( event selection  ference

Hypothesis testing
hits—> final state particle : Parameter estimation
Cluster hits
Classify clusters as particles
~— Infer/regress properties

event
generator

detector

simulation of )
response




ML@QCEPC

Classification

¢ PID

¢ Jet flavor tagging

¢ Event classification

Pattern recognition

¢ Using RNN to reconstruct peaks of primary ionization

Background suppression + data compression
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e TMVA + hand engineering features

* LICH uses TM VA methods to summarize 24 input variables into two likelihoods, corresponding
to electrons and muons.

* The efficiency for electron and muon is higher than 99.5% (E>2 GeV). Pion efficiency ~ 98%.
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Dan Yu
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91 GeV

Z = bb, cc, oo (uu,dd,ss)
WHIZARD =4 /£ fRHU/E
Jet Clustering

BREA 450k 471 ( 900k jets )
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http://arxiv.org/abs/2208.13503
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HMAEEETR] features
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Algorithm | ParticleNet PFN | DNN DBDT GBDT gcforest XGBoost

Accuracy 0.872 0.850 | 0.788 0.776  0.794 0.785 0.801
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arXiv:2105.14997 , accepted by CPC

Higgs . 4production modes , 9 decays modes

eeH

ppH

ttH

qgH

M eeHFWB=I, 9 5928

FHT Graph Neural Networks
ParticleNet, PEN



https://arxiv.org/abs/1902.08570
https://arxiv.org/abs/1810.05165
https://arxiv.org/abs/2105.14997
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t-SNE Feature 2

FEERVESS

71

60 -

40 A

240

—20 -

—40 -

—60 -

—-20

0 20
t-SNE Feature 1

40

60




True

True

99 7

Yy -

Z7 A

¥Z 4

cC

bb 1

HH A

TT 1

g9 7

Yy

ZZ 1

¥Z

0.00 0.02 0.04 0.01
0.00 0.03 0.00 0.01
0.8
0.00 0.00 0.00 0.00
KLl 0.00 0.00 0.00 0.01 0.01 i
0.00 0.06 0.06 0.01
0.00 0.00 0.00 0.00 0.00 L 0.4
0.08 0.01 0.08 0.00
0.00 0.01 0.06 0.00 0.2
0.01 0.02 0.00 0.01
’ —— L1 o0
¥ < e &Yo@
Predicted
(a)
1.0
0.00 0.02 0.00 0.02 0.04 0.01
0.00 0.01 0.00 0.04 0.00 0.02
0.8
0.00 0.00 0.00 0.00 0.00 0.01
0.00 BEEY 0.00 0.00 0.00 0.00 0.01 S
0.02 0.00 0.00 0.05 0.07 0.01
0.00 0.00 0.00 0.00 0.00 L 0.4
0.08 0.01 0.09 0.00 0.13 0.02
0.00 0.01 0.08 0.00 0.08 0.01 [ 0.2
0.01 0.02 0.01 0.00 0.02 0.01
- e L1 o.0
> < e Yo

Predicted

()

True

True

0.8
0.6
0.4
0.2
—_— L o.0
¢ e & v Y
Predicted
0.00 0.07 0.00 0.03 0.04 0.02
0.00 0.09 0.00 0.05 0.01 0.02
0.8
0.00 0.00 0.00 0.00 0.00 0.01
0.00 0.00 0.01 0.00 0.01 06
0.00 0.00 0.05 0.05 0.02
0.00 0.00 0.00 0.00 0.00 0.4
0.02 0.16 0.000.09 0.02
0.01 0.13 0.00 0.09 0.01 0.2
0.02 0.02 0.00 0.02 0.01
: L Loo

< e & &

Predicted

(d)



60 -

40 A

20 -

t-SNE Feature 2

_20 .

_40 .

—60

~60 40 ~20 0 20 40 60
t-SNE Feature 1



— P HIFE

e SN e

By

3

N

XL et al




» Peak detection of waveforms trom the DC
 Supervised-classitication: “signal” and “noise”
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Recurrent Neural Network

(RNN):

* "Memory"” structure:
internal loops over
seguence elements

» Powerful to handle time-
seguences
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DL RESULTS AND COMPARE TO

TRADITIONAL ALGORITHM

RNN (LSTM) 24/28 detected

Black lines: 0'3? \
MC truth times o2
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Derivative  18/28 detected

Thanks to Zhao Guang
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RNN (LSTM) is much more
powerful than the
derivative for the peak
finding problem




Intelligent Readout of
Pixel Sensors
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Challenges in the Vertex detector

- Data rate > Gbps / pixel chip, while power consumption limited < 50 mW/cm?

10 MHz particle hits / cm? at Z pole = 10 MHz * 3 pixels / cluster * 4 cm? / chip * 32 bit =
3.84 Gbps

High speed data link are always the hot spot of pixel chip

- The Neural Network was explored for possible solutions:
Data compression algorithm

Background suppression method



Background suppression

Hit rate dominated by the radiative background for
the CEPC vertex detector

A pattern recognition module can be integrated into
the pixel chip

- Local hit pattern can be classified by a neural network
- Algorithm developed with simulation data

- Parameter reconfigurable based on the chip position and
experimental data

Data can be processed at hit level, a simple network
Is essential for low power operation
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Autoencoder Neural Networks

 Compression algorithm, data-specific, lossy and learned automatically
*  https://blog.keras.io/building-autoencoders-in-keras.html

*  Beinginvestigated by the High-Granularity Calorimeter Group

* Also considered for the data compression of CEPC vertex detector

—> Encoder —>E—> Decoder —»

Ooriginal
input

Reconstructed
input

Compressed
representation

Encoder on chip, and decoder in the back-end electronics or data processing software

Need to deal with much more channels and different data patterns

Encode with Decode with
on-detector ASIC off-detector
FPGA
é

48-pixel input Transmit 16 X 3b outputs Decoded 48-

\ 336 bits 48 bits pixel imageJ

HGCAL 8" Module
Each trigger Cell consists of 3*3 sensors




Physics driven hardware co-design

Rapid prototyping and optimization of network achieved through

e QKeras : network development with quantization-aware training and physics simulation
e hls4ml : neural network description (h5 file e.g.) ® HLS-compliant C++ format

e Catapult HLS : C++ = RTL

e TMR4sv_hls : Automated TMR for System Verilog

- Ng e hls4ml simplifies the design of ML accelerators
ALGORITHM -‘ ) acce
DEVELOPMENT K F o | his4ml directives | << | HLS directives |

o ML Model o C++ library of ML functionalities optimized for HLS
&Training

l

Part: ..
ReuseFactor: ..
Precision: ..
I0Type: .. [ hIS 4 ml Encoder
Backend: ..
Y
Iulr, :“‘ 'u(:::. :{::} int clio)) Directives TM R4sv—hls
hls4ml ::l :o: ? A< 207 aee) | 1
Directives ‘ bew l Ty
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8 d .. ... 4 )\L(A_n/_\[ HLS ] - '
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Performance z GDSII
C++ ? Hardware
Specification  Technology Library Implementation(s)

Design of a reconfigurable autoencoder algorithm for detector front-end ASICs
Giuseppe Di Guglielmo
2020/11/30, Fast Machine Learning for Science Workshop



https://indico.cern.ch/event/924283/contributions/4105329/
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- Jet energy resolution , jet charge
- Peaking finding

- Background suppression + data compression
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Summary
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M ( reconstruction ) event selection ' ﬁ]t%z’ﬁrﬁzl ’
i i Hypothesis testing
simulation of hits> final state particle : Parameter estimation

event
‘ generator detector '

response

Cluster hits
Classify clusters as particles
Infer/regress properties
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 — NSEIEEE: ArXiv:1907.10621

o Are you trying to replace PhD students with a machine?

As a preemptive safety measure against scientists being made redundant by automated
inference algorithms, we have implemented a number of bugs in MadMiner. It will take skilled
physicists to find them, ensuring safe jobs for a while. More seriously, just as MadGraph
automated the process of generating events for an arbitrary hard scattering process, MadMiner
alms to contribute to the automation of several steps in the inference chain. Both developments
enhance the productivity of physicists.


https://arxiv.org/pdf/1907.10621.pdf

Extras



* A high-bias, low-variance introduction to Machine
Learning for physicists , Physics Reports 810 (2019) 1-124

» Relational inductive bias, deep learning, and graph
networks, arXiv:1806.01261

* Geometric Deep Learning, 5Gs, arXiv:2104.13478




